Considerable effort has been exercised in estimating mean returns to education while carefully considering biases arising from unmeasured ability and measurement error. Recent work has investigated whether there are variations from the "mean" return to education across the population with mixed results. We use an instrumental variables estimator for quantile regression on a sample of twins to estimate an entire family of returns to education at different quantiles of the conditional distribution of wages while addressing simultaneity and measurement error biases. We test whether there is individual heterogeneity in returns to education and find that: more able individuals obtain more schooling and that higher ability individuals (those further to the right in the conditional distribution of wages) have higher returns to schooling consistent with a non-trivial interaction between schooling and unobserved abilities in the generation of earnings. The estimated returns are never lower than 9 percent and can be as high as 13 percent at the top of the conditional distribution of wages but they vary significantly only along the lower to middle quantiles. Our findings may have meaningful implications for the design of educational policies.
Abstract. Considerable e¨ort has been exercised in estimating mean returns to education while carefully considering biases arising from unmeasured ability and measurement error. Recent work has investigated whether there are variations from the``mean'' return to education across the population with mixed results. We use an instrumental variables estimator for quantile regression on a sample of twins to estimate an entire family of returns to education at di¨erent quantiles of the conditional distribution of wages while addressing simultaneity and measurement error biases. We test whether there is individual heterogeneity in returns to education and ®nd that: more able individuals obtain more schooling perhaps due to lower marginal costs and/or higher marginal bene®ts of schooling and that higher ability individuals (those further to the right in the conditional distribution of wages) have higher returns to schooling consistent with a non-trivial interaction between schooling and unobserved abilities in the generation of earnings. The estimated returns are never lower than 9 percent and can be as high as 13 percent at the top of the conditional distribution of wages but they vary signi®cantly only along the
Introduction
The causal relation between education and earnings has been one of the most heavily and carefully explored subjects in empirical work in labor economics (See Card (1999) for a comprehensive review). The many empirical and theoretical di½culties associated with the analysis of such a relationship have been approached with a remarkable variety of econometric tools on diverse data sets. A well known problem is that it is di½cult to isolate the causal impact of additional education on earnings. One must be sure that what is claimed to be the return to additional schooling is not being distorted by the e¨ect of other relevant but unobserved factors related to schooling. More speci®cally, failure to account for the e¨ect of unobserved``abilities'' or family background factors on both earnings and attained schooling levels may lead to incorrect inferences regarding the causal e¨ect of education.
There are important reasons why economists and policy makers are interested in obtaining accurate measures of the earnings premium associated with acquiring more education. From a``private'' point of view, under certain conditions, it provides a measure of the``return'' to investment in additional schooling. From a social standpoint, the return to education could give an indication of the relative scarcities of people with di¨erent levels of education and hence it may provide a guide for educational policies.1
In this paper we investigate whether people with di¨erent levels of``ability'' obtain di¨erent returns to education. Speci®cally, we provide unique empirical evidence to address two important questions carefully laid out by Card (1995a) :``what is the causal e¨ect of education?'' and``is there evidence of individual heterogeneity in returns to education?'' Our concept of``ability'' refers to those marketable unobservable factors that make up an individual's initial endowment of human capital and translate into higher earnings. These may vary across families as well as individuals. This follows Griliches (1977) and di¨ers from the view of ability as`I Q'', for which measures can be constructed using test scores. Most studies estimate the mean return to education which may be interpreted as the return for an individual with mean ability. This is a sensible characterization when the return to education is constant across levels of (unobserved) ability or when any increase in schooling has a similar e¨ect on earnings of observationally identical individuals. In this case, ability and education do not interact in the generation of human capital; both factors have independent contributions to the accumulated stock.
Instead we investigate whether education induces a more intricate change in the distribution of earnings rather than a pure location shift. We take education and ability as two separate factors in the generation of human capital which interact in a non-trivial, unknown way. On the one hand, if ability and education are substitutes in the generation of human capital, then we might expect marginal returns to the accumulation of human capital to decrease with ability and hence education contributes relatively more to low ability individuals. On the other hand, if ability and education are complements in the generation of human capital, then education has an additional indirect e¨ect on human capital (through the interaction with ability) that increases its otherwise constant contribution to earnings. Returns would then be higher for the more able. In the language of the empirical literature on program evaluation, in these cases the response to the treatment (education) varies across individuals and the mean return to education may be an incomplete summary of a richer pattern of ways that education a¨ects people's earnings.
In exploring this issue we face several methodological and empirical limitations. First, it is well known that available measures of``ability'' such as IQ su¨er from biases that re¯ect prior education and family background. Furthermore, these do not necessarily capture the type of``abilities'' that enhance earnings potential. Therefore, for the purposes of this paper we must proceed without observing ability and hence we cannot model its relationship with education explicitly by including additional regressors based on interaction e¨ects. Besides, even though we can make some a priori conjectures about the relationship between ability and education, we do not want to impose unrealistic and unnecessary restrictions on this interaction. In the above examples, the return to education would be a monotonic function of the level of ability, but we see no reason to impose such a restriction. We want our empirical model to be exploratory and informative about the nature of this relationship. Second, education is not randomly assigned to individuals so we cannot treat the attained level of education as a predetermined variable. The optimal level of education is likely determined endogenously as a function of the level of ability and other factors such as family background. Third, it is well documented (e.g. Griliches, 1977, and Krueger, 1994) that the schooling variable is typically measured with error, which may introduce additional biases in conventional estimates that do not account for this possibility.
The interaction between ability and education studied in this paper has been directly or indirectly explored in some previous work but, as stressed in Card (1995a) , there is little evidence in the empirical literature to support (or reject) the hypothesis of homogeneity in the returns to education. Ashenfelter and Rouse (1998) analyze an expanded version (two additional years) of the sample of genetically identical twins used in Ashenfelter and Krueger (1994) which followed from the earlier research of Behrman et al. (1980) . Ashenfelter and Krueger (1994) exploit the presumed similarity of twins and the availability of multiple measures of schooling to explicitly model the link between family ability and education parametrically, while addressing the measurement error and endogeneity biases using standard panel data methods. They ®nd some evidence of the existence of a negative relationship between ability and returns to education, suggesting that less able individuals bene®t more from additional schooling. Conneely and Uusitalo (1998) also investigate the question of heterogeneous returns in the context of a random coe½cients model of wage determination. They use data on ability test scores and family background variables on a sample of Finnish men and parameterize potential heterogeneity in the mean return to education by interacting these factors with education. They ®nd stronger evidence of variations in returns to education most of which, nevertheless, cannot be explained by observable individual heterogeneity.
We believe these fully parametric approaches impose strong restrictions on the structure of heterogeneity in returns to education. In this paper we use instrumental variables quantile regression methods on an expanded sample of 858 genetically identical twins from that analyzed by Ashenfelter and Rouse (1998) . Quantile regression methods allow us to estimate returns to schooling for individuals at di¨erent quantiles of the conditional distribution of earnings which we view as re¯ecting the distribution of unobservable ability. Unlike the above approaches which explicitly concentrate on the e¨ect of education on the conditional mean of earnings and parameterize variations in returns through proxies for ability, quantile techniques allow us to freely characterize the e¨ect of education on the whole conditional distribution of earnings. That is, we focus on the quantile treatment e¨ects of education on earnings rather on average treatment e¨ects. Our approach is semiparametric in the sense that it imposes relatively weak parametric structure on the relationship between earnings and education. Minimal structure is imposed on the key relationship of interest: the interaction between education and ability in the generation of earnings. We use testing procedures based on quantile regression statistics to formally test for the presence of heterogeneity in the returns to education.
Although he does not treat the ability-education interaction explicitly, Buchinsky's (1994) analysis of the U.S. wage structure, using Current Population Survey (CPS) data and censored quantile regression methods, shows that returns to education in the U.S. increase dramatically over the quantiles of the conditional distribution of wages. Mwabu and Schultz (1996) also use quantile methods on a sample of South African men and obtain varying returns across quantiles that they interpret along the lines explored in this paper. Similar quantile results were found by Fitzenberger and Kurz (1998) in a study of earnings in Germany and by Machado and Mata (2000) in a study of wage inequality in Portugal. Nevertheless, the results of these studies should be interpreted with caution since they do not handle the problems of measurement error or endogeneity bias. The ®nding of heterogeneous returns may simply re¯ect a variable ability-based endogeneity bias: more able individuals, facing lower marginal costs of schooling, choose to acquire more education and appear to have higher marginal returns to education.
The availability of twins data (with multiple measures of schooling) allows us to deal with the endogeneity of education arising from measurement error while indirectly controlling for any ability bias arising from``family e¨ects''. (As explained in more detail below, the use of standard panel data methods in a quantile regression context introduces some complications). As in all the other previous twins literature, our estimates rely crucially on the assumption that any ability bias is due to unobservable family factors. In a recent paper, Bound and Solon (1999) criticize the estimates of returns to education based on twins data questioning the validity of this assumption. If schooling and the individual component of the error term in the wage equation are positively correlated, then our estimates can be thought to provide a set of upper bounds on the causal e¨ect of education on earnings.
The paper is outlined as follows. In section 2, we specify a simple structural model of schooling choices closely based on Becker (1967) , Card (1995a) and Ashenfelter and Rouse (1998) . We extend the model by being less restrictive in the parameterization of unobserved heterogeneity. In section 3 we outline our empirical framework. Section 4 brie¯y describes the data and discusses previous estimates of the mean return to schooling. In section 5, we present the details of model speci®cation, estimation, develop tests for heterogeneity in returns to schooling, and discuss the results. Section 6 discusses policy implications of our ®ndings and concludes.
A model of earnings, schooling, and ability
Following Ashenfelter and Rouse (1998) and Card (1995a) , we lay out a simple structural model based on the Becker (1967) model of investment in education focusing on the following questions: 1) How can we think about the link between earnings, ability and education? 2) Are returns to education homogeneous across the population? 3) If not, why is quantile regression an appropriate tool to explore the source of this heterogeneity? 4) How can we exploit twins data to deal with measurement error in schooling, and ability bias in the quantile regression framework?
The starting point is the utility maximization problem of the i-th twin in family j:
The ®rst term consists of a human capital production function which receives as inputs education (S ij ), an unobservable, family speci®c,``ability'' variable (A j ), and a random idiosyncratic disturbance (e ij ) from a continuous distribution f e . This term captures the interaction between education, ability and the idiosyncratic shock in the generation of earnings (Y ij ). The second term measures the explicit and implicit (opportunity) costs of education and depends on education (S ij ) and family speci®c factors (r j ) such as wealth or tastes for education. We think of (A j ) as a measure of unobservable``family e¨ects'' that cause individuals from di¨erent families to have di¨erent earnings. Thesè`f amily e¨ects'' could originate from di¨erences in family speci®c human capital (e.g., genetic intelligence, early learning environments), quality of schooling and/or labor market connections.2 The idiosyncratic component e ij may capture di¨erences in individual speci®c ability and risk taking that lead to earnings di¨erences among twins from the same family.
The optimal schooling choice of a twin in the j-th family strikes a balance between the marginal bene®ts and costs of additional schooling given his or her endowment of ability and family background. If utility is globally concave in (S ij ), there will be a unique level of education S Ã ij S ij A j ; r j ; e ij that solves (1). Thus, schooling choices can potentially di¨er both among individuals of di¨erent families (due to family factors), and between twins from the same family (due to the idiosyncratic earnings disturbance). This is the source of the well-known endogeneity or ability bias that has historically haunted estimates of the returns to schooling. Griliches (1977 Griliches ( , 1979 lucidly discussed the acute problems that the potential correlation between (A j ; r j ; e ij ) and the observed choices of (S ij ) pose to the estimation of even the simplest linear earnings functions.
The main advantage of using data on earnings and education from a sample of twins to estimate the returns to schooling comes from exploiting the common components of the unobservable ability variable across twins. Let v ij gA j e ij . This corresponds to our concept of``ability'' or market ability. A simple speci®cation, which is an extension of Rosen (1973) , that allows us to highlight the important issues is
where the ®rst three terms represent the earnings function and the terms in brackets represent the anti-log of the cost function. Then, a necessary condition for a maximum interior solution is:
The function f captures the e¨ect of ability on the rate of human capital accumulation, in a sense similar to Griliches (1977, p. 17) when he states``If ability is interpreted as implying di¨erent ex-ante bs, then there should be an interaction between the schooling and ability measures in the earnings equation.'' ( b ij ) is interpreted as the return to an additional year of schooling (Becker, 1967) or as the``treatment e¨ect'' of schooling on wages in the recent program evaluation literature. It may depend on the level of education and on unobservable ability. As discussed by Ashenfelter and Rouse (1998) , in order to identify ( b ij ) from within-family variation in schooling levels, we need to assume that:
where the u ij are iid errors over i and j from a continuous distribution function f u , and are independent of the (e ij ) and (S Ã j ). That is, we assume that any differences in schooling between twins of the same family are due to optimization or measurement errors that are uncorrelated with the idiosyncratic earnings disturbance. Thus, any within-twins di¨erence in the marginal bene®t of schooling does not a¨ect their optimal schooling choices. This would occur if the choice of (S Ã ij ) is based on the expected average return to education due to uncertainty about the market wage premium for individual abilities. Thus, although individuals have better information than the econometrician, it is still imperfect. Recently, Bound and Solon (1999) questioned the plausibility of assumption (3). Nevertheless, using the same data used in this work, Ashenfelter and Rouse (1998) conducted a variety of tests which support the hypothesis that twins' schooling choices are uncorrelated with unobservable determinants of individual earnings.3
Note that (2)±(3) imply that systematic di¨erences in observed schooling levels in the population arise from two sources. First, individuals may have di¨erent returns to schooling (due to di¨erent v ij ). Assuming di¨erentiability in (2) at the optimal level of schooling we have that:
where f S; v denotes the cross-partial second derivative of f with respect to S ij and v ij . This captures how ability a¨ects the return to education. As long as f S; v 0 0 the return to education will vary across individuals (of the same education level). Di¨ering abilities alter returns so that there exists a family of returns to education. This is precisely what we mean by heterogeneity in the returns to schooling. The standard speci®cation and estimation of Mincer equations assumes f S; v 0 implicitly which implies that education and ability are``perfect substitutes'' in the production of human capital. If f S; v > 0 for all v ability enhances the wage gains of acquiring an additional year of education, while if f S; v < 0 high ability individuals face lower returns to investment in education. Both cases are possible since we do not need to require f S to be monotonic in v ij . Second, individuals may have di¨erent marginal rates of substitution between schooling and future earnings (r j ) due to di¨erences in the implicit marginal costs of schooling. For the utility speci®cation considered we have that at S Ã ij :
which determines the rate at which an individual of the same family can substitute (family) ability and education to generate a given level of utility. Since higher ability parents tend to acquire more education and have higher earnings, the second term in the right-hand side may capture di¨erences in wealth or tastes for education across families. We expect (A j ) to be negatively correlated with (r j ) since individuals from wealthier and/or more able families presumably face lower opportunity costs of schooling. When (5) is negative the marginal rate of substitution between ability and education is decreasing in ability: schooling compensates more the less able for their less favorable genetic endowments. The opposite is true if f S; A > 0. In this case variations in the returns to education across families amplify the ability (selection) bias by which the more able obtain more education.
The empirical framework
Integration of MB ij over S ij yields the log-linear earnings function known as the Mincer equation (Mincer, 1974) for which we adopt the following empirical speci®cation:
where F j groups family speci®c variables (age, race), (X ij ) captures twin speci®c characteristics other than education (union participation, tenure, marital status), and (a; l; g; b) are the coe½cients.
Equations (3) and (6) determine the joint distribution of earnings and education. We use (6) to estimate the returns to schooling using twins data on wages and education while taking into account four features of empirical measurements from this distribution: i) the``stylized'' log-linear relationship between wages and education, ii) heterogeneity in the distribution of earnings conditional on education, iii) the endogeneity of observed education levels due to unobservable ability and family factors, and iv) measurement error in reported schooling choices.
The log-linearity of education-earnings pro®les is one of the most remarkable empirical regularities documented in labor economics. Heckman and Polachek (1974) , Card and Krueger (1992) , and Park (1994) all provide supporting evidence. Park (1994) actually found log-linearity to be a fairly good approximation of the earnings-schooling relationship for several quantiles of the earnings distribution. Existing evidence points to only slight deviations from log-linearity. In particular, Park's work and work by Solon and Hungerford (1987), Jaeger and Page (1996) and Heckman et al (1996) ®nd evidence consistent with the existence of``sheepskin'' (credentialling) type e¨ects for college graduation. Unfortunately, in our case, the examination of such e¨ects or concavity in the earnings-schooling pro®le would make estimating earnings equations intractable because of the problems associated with estimation of an equation with an endogenous quadratic term or endogenous dummy regressors in quantile regression.4
Therefore, in order to keep consistency with the documented log-linearity of wages and education we shall assume that f ss 0 so that the return to education (b 0 f S ) is independent of education. Note that although the presence of f introduces a potential non-linearity in the above log-linear Mincer equation, equation (6) is not necessarily inconsistent with a linear relationship between log wages and education because of the positive correlation between b ij and education.
For instance, as pointed out by Card (1995a) , if for a given level of ability, wages are a concave function of education, the data for the population as a whole could still trace out a convex relationship between wages and education. He considers the case where f b i S ij À 0:5k 1 S 2 ij with b i re¯ecting variations in ability across individuals. Among individuals with the same ability, a concave earnings-schooling relation arises since those with lower marginal costs of schooling (lower r j ) obtain more education. Across individuals with di¨erent abilities, the earnings-schooling relation tends to be convex since the more able choose more education. The shape of the overall (mean) crosssectional relation will depend on the balance between the relative variances of b i and r j in the population. We discuss the issues involved in points (ii)±(iv) below.
Quantile regression and unobserved heterogeneity
Unobserved ability induces heterogeneity in the distribution of earnings conditional on education through its e¨ect on both the intercept and the education coe½cient in (6). In this case the labor market cannot be well characterized by a single rate of return to education. Consider the simple linear location-scale case where f ij dA j S ij so that returns are given by:
where (d) captures the e¨ect of ability on the return to education. If d < 0, returns decrease with ability so that education compensates for family genetic di¨erences. The converse is true for positive (d).
This yields a conventional random coe½cients model that is central to the recent literature. Let Z F ; X and suppose (S ij ) can be treated as exogenous. Then OLS on (6) consistently estimates qElnY ij jZ ij ; S ij =qS ij b 0 dA: the return to education for an individual with mean ability or the``average treatment'' e¨ect of schooling on wages. Ashenfelter and Rouse (1998) estimate (d) explicitly by including an interaction term between education and the average education of a pair of twins as a regressor in (6). Heteroscedasticity in earnings disturbances can be readily addressed using standard econometric methods.
The drawback of this approach is that estimates of the (b j s) rely on restrictive parameterizations of the interaction between education and unobserved ability. In particular, the random coe½cients model in (7) implies that (b j ) either decreases or increases monotonically with ability. Moreover, it proves di½cult in practice to separately identify the e¨ect of ability on b j as re¯ected in imprecise estimates of the interaction coe½cient.
Regression quantiles provide a more¯exible approach to characterizing the e¨ect of education on di¨erent percentiles of the conditional wage distribution. With exogenous S ij , a zero conditional quantile restriction on the error v ij implies that the e¨ect of education on the t-th quantile of Y ij conditional on the observables in (6) is:
where G v is some transformation of the distribution of abilities in the population. This follows from our assumption that the marginal bene®t of education is independent of the level of education and noting that ln Q t Y Q t lnY because of the equivariance of quantiles to monotonic transformations.
Here bt in (8) can be regarded as a measure of the``quantile treatment'' e¨ect of education on wages for a given t in (0,1). Quantile regressions for di¨erent values of t yield estimates of the whole family of returns to education re¯ecting the distribution of abilities across individuals. The interaction between education and ability can then be explored by comparing bt at different quantiles t k and t s , for s 0 k. In the special case of equation (7) above, equation (8) reduces to qQ t Y ij jZ ij ; S ij =qS ij b 0 dQ t A j so that simple comparisons of the bt reveal the sign of d. A robust test of the hypothesis of heterogeneity (b t 0 b for some t) can be based on a test of whether the estimated return coe½cients di¨er across quantiles (Koenker and Bassett, 1982) . Unlike prior approaches, this does not impose strong parametric restrictions on the type of interaction between ability and education such as monotonicity, thus allowing to go beyond the convenient but more simplistic random co-e½cients model implied by (6)±(7).
As indicated previously, recent ®ndings of heterogeneous returns based on estimation of quantile wage equations come close to such a characterization such as Buchinsky (1994) for the U.S., Mwabu and Schultz (1996) for South Africa, Fitzenberger and Kurz (1998) for Germany, and Machado and Mata (2000) for Portugal. However, this work does not focus on addressing the potential biases arising from endogeneity and measurement error in education, and does not structurally model the source of heterogeneity. Since Q t v ij jS ij 0 0 because of (2), quantile regressions on a Mincer equation like (6) yield inconsistent estimates of the family of quantile returns to education just as OLS delivers an inconsistent estimate of the mean return. In fact, varying returns to education can be a result of an endogeneity bias that varies across quantiles rather than evidence of actual ability-based di¨erences in the market premiums to education. The data on twins allow us to address both simultaneity and measurement error so as to more carefully uncover the evidence for``true'' heterogeneity in the returns to schooling.
The endogeneity of schooling
In our model, individuals from higher ability families acquire more education due to lower implicit costs of schooling and/or higher returns to education. Most previous twin studies on returns to education have addressed this endogeneity of schooling in two ways. One approach Krueger, 1994 and Rouse, 1998) treats A j as an unobserved family e¨ect and estimates a``®xed e¨ects model'' based on the Mincer di¨erenced equation corresponding to (6) for each twin pair. Since (3) and (6) imply that EDe ij jDS ij ; DX ij 0 where D is the di¨erence operator, OLS on di¨erenced data consistently estimates the average return to education.
One might naively consider quantile regression on a di¨erenced Mincer equation since then Q t De ij jDS ij 0. However, this has a fundamental drawback. Unlike least squares, di¨erencing in the quantile regression context is not equivalent to a ®xed e¨ects estimator. Quantiles of the sum of two random variables are not equal to the sum of the quantiles of each random variable. When di¨erencing in quantile regression, the order of the individuals matters. Speci®cally, quantile estimates of education coe®cients from a di¨er-enced equation would re¯ect the e¨ect of additional education on the quantiles of the conditional distribution of within-twins wage di¨erentials, rather than the outcome of interest: the change induced by education in the quantiles of the conditional wage distribution. Thus, it is not possible to recover the quantile estimates obtained using data on levels from the estimates of quantile regressions on di¨erenced data. Moreover, the natural attempt to estimate the ®xed e¨ects model including family speci®c dummies is also futile given the unavoidable ambiguity in the identi®cation of the quantile ®xed e¨ects with only two observations per family.
An alternative approach is to parameterize and estimate the omitted ability variable bias by explicitly including a proxy for family ability in the set of regressors in equation (6).5 Provided that the proxy accounts for any``family e¨ects'' on the absolute level of earnings and education, this approach also yields consistent estimates of the returns to education. Based on the model in section 2, we could use the education of a twin's sibling, the average twins' education, or father's education as proxies. The quantile coe½cients on these variables yield alternative estimates of the ability bias in estimates of returns to schooling that ignore schooling endogeneity. This is the approach we use in our empirical work and we label the resulting speci®cations as``family e¨ects'' models.
Measurement error in education
Measurement error in reported schooling can arise because of the recall errors common in survey data. This is particularly important since it is well known that controlling for absolute ability bias using family education variables as proxies exacerbates existing measurement error biases (Griliches, 1977) . The available twins data provides an interesting way to address this problem.
As reported in Ashenfelter and Krueger (1994) and Ashenfelter and Rouse (1998) , twins are asked to report on the education level of their sibling and of their parents. Letting (S k nj ) be twin k's report of the n-th family member, we can expect such cross-reports to satisfy (3) so that:
where u k nj denotes iid measurement errors over n and j. We use these crossreports as instruments for a twin's reports of own and other family members' education. As in previous studies with these data, we use these multiple reports of education to estimate models that relax the classical assumption of uncorrelated measurement errors in the own-reports of a twin. This may occur if a twin that overreports (underreports) his or her own education level is also more likely to overreport (underreport) the education level of his or her sibling and of his or her parents.
Data description and previous``mean'' results
The data used in this paper were collected over a span of ®ve years at four meetings (August of 1991 (August of , 1992 (August of , 1993 (August of , and 1995 of the Annual Twins Festival in Twinsburg Ohio. Many of the questions are similar to questions asked in the Current Population Survey (CPS) with some twins-speci®c questions added. This is the same data used by Ashenfelter and Rouse (1998) , expanded 1 year and recently analyzed by Rouse (1999) . As they show, the mean characteristics of the sample are quite similar to the population at large. Sample characteristics are reported in columns 1 and 2 of Table 1. The sample we use has, on average, more years of education, higher income, and is more likely to be female and white than the population at large. Ashenfelter and Rouse (1998) also note these similarities and di¨erences.
Columns 3 through 11 of Table 1 report mean regression results employing econometric speci®cations similar to Ashenfelter and Krueger (1994) , Ashenfelter and Rouse (1998) and Rouse (1999) who focused on estimating the average return to education. We brie¯y present these results for three reasons. First to highlight (as in the previous literature) the importance of considering both ability and measurement error biases in estimating mean returns to education. Secondly to document the mean return to education using these spe-ci®c data. Finally, Table 1 provides a summary of the data and speci®cations that will be extended to the quantile regression framework below.
Columns 3±7 of Table 1 estimate simple empirical Mincer wage equations. Column 3 reports the simple least squares regression of the log of earnings on age, (age) 2 , a gender indicator equal to 1 if the individual is female and an indicator equal to 1 if the respondent is white. This model is estimated using all 858 respondents for which we have complete data. In column 4 we have included additional controls for marital status, union coverage and tenure. As usual, there is a positive seniority pro®le, and the female indicator is large and negative. The white indicator is also negative (an anomalous result also found in previous studies using these data) but is not statistically di¨erent from zero. The mean return to education estimated in column (3) is 10.8%.6 As we have stated earlier and as is well documented in Griliches (1977) and Card (1999) , this estimate is potentially upward biased due to unobserved ability and downward biased due to measurement error. Also, this is likely to be lower than the returns to education from the standard Mincer earnings studies since we use age rather than Mincerian potential experience. The latter would also be subject to endogeneity and measurement error biases. A great deal of e¨ort has been focused on determining the``true'' return to education after accounting for these biases. Card (1995a) provides an important and interesting summary of a set of papers that ®nd that simple least squares estimates seem to be downward biased.7 6 A referee pointed out the issue of selection into the labor market, especially in the case of women. We were surprised to ®nd very little work on the issue of sample selection in estimating mean returns to education (see Angrist, 1995) . However, the data we use only includes twins with positive wages so we are not able to address selection in this paper. However, we brie¯y report quantile regression estimates of returns to education by gender (in a footnote below) as a ®rst step toward considering the robustness of our results to selection issues. 7 These studies include Angrist and Newey (1991) , Angrist and Krueger (1991) , Angrist and Krueger (1992) , Butcher and Case (1994) , Card (1995b) , and Kane and Rouse (1995) . Source: Data are from Ashenfelter and Krueger (1994) , Ashenfelter and Rouse (1998) , and Rouse (1999) .
Notes: (a) Wage ®gures are in real 1995 dollars. Standard errors are in parentheses.
(b) The di¨erence in education is the di¨erence between the ®rst twin's report of twin one and the second twin's report of twin 2.
(c) The instrument used in cols. 6±7 is twin 1's report of twin 2's education and vice versa and in cols. 10±11 is twin 1's report of twin 2's education minus twin 2's report of twin 1's education and vice versa. (d) Col. 11 is from Ashenfelter and Krueger (1994) . Our sample size di¨ers from Ashenfelter & Krueger (1994) as we use an extract from Rouse (1999) which includes three additional years of the Princeton Twins Data. Rouse (1999) carefully points out that although she ®nds``. . . the return to schooling among identical twins is around 10±12 percent per year of school completed . . . Ashenfelter and Krueger's estimates are insigni®cantly di¨erent . . .''
The other columns in table 1 present the results of estimating additional, yet similar, speci®cations that address these ability and measurement error biases. Column 5 presents the estimates for a model that tries to control for endogeneity bias using father's education as a proxy for family speci®c ability. We can see that this reduces the return to education from 12% (column 4) to 11.4% and that the coe½cient on father's education is signi®cant, thus consistent with an upward ability bias.
Columns 8±11 estimate models where the data are``di¨erenced.'' Each unit of observation is created by subtracting each given variable from his or her twin's. Column 8, then, is simply the regression of the di¨erence in log twin's wages on the di¨erence in reported education for the twins. Comparison of the OLS and IV estimates (reported in columns 9 and 10) suggest the presence of a slight downward bias in the mean return due to measurement error in education. Instrumental variables results from a speci®cation similar to column 7 that includes father's education (not reported) are also consistent with this view.
Column 10 contains our mean estimate that is most closely related to Ashenfelter and Krueger's (1994) ®nal estimate (re-printed as column 11). This is the di¨erenced model using instrumental variables where the instrument is the ®rst twin's report of the second twin's education minus the second twin's report of the ®rst's education. Our resulting estimate of the return to education 11.9% is about 10% higher than the least squares estimate of 10.8% but is considerably lower than Ashenfelter and Krueger's (1994) estimate of 16.7%. Rouse (1999) , using the same four years of data that we use (Ashenfelter and Krueger, 1994 use only one year), points out that``Unlike the results in Ashenfelter and Krueger, I ®nd that the within-twin regression estimate of the e¨ect of schooling on the log wage is smaller than the cross-sectional estimate, implying a small upward bias in the cross-sectional estimate.'' She further notes, however, that her results and those of Ashenfelter and Krueger are not statistically di¨erent and that the di¨erence is perhaps due to sampling error. We now turn attention away from estimating the mean return toward estimating and testing the implications of our simple theoretical model of heterogeneity in the returns to schooling.
Estimation details and empirical results
The main focus of this paper is on estimating and testing for heterogeneity in returns to schooling across quantiles of the conditional wage distribution while addressing endogeneity and measurement error biases. We outline in more detail the framework used to develop our empirical models and formal tests for heterogeneity in the returns to education. Section 5.1 provides some details of our estimation and testing procedures. In Sections 5.2 through 5.6 we describe the speci®cations and discuss the empirical results. Finally section 5.7 brie¯y describes the quantile estimates of other covariates in our speci®cations.
We will consider four empirical models: 1) the levels model without instrumental variables, 2) the levels model with instrumental variables, 3) the family e¨ects model without instrumental variables, and 4) family e¨ects model with instrumental variables. The rationale behind these models roughly follow the empirical work in the recent literature on twins (Ashenfelter and Krueger, 1994 , Ashenfelter and Rouse, 1998 , and Rouse, 1999 replicated in Table 1 .
Overview of econometric methods and testing

Quantile regression and rank tests
In general, we will be interested in the following linear model for the t-th conditional quantile of Y:
Estimation of the bt coe½cients (the``regression quantiles'') is based on a sample of n observations of Y and p explanatory variables collected in the matrix X. The interesting case arises when the bt coe½cients di¨er systematically across t's, suggesting that the marginal e¨ect of a particular explanatory variable is not homogeneous across di¨erent quantiles of the conditional distribution of Y. Estimation of bt proceeds by solving a linear progam as in Koenker and Bassett (1978) . Let b n b n t 1 ; . . . b n t m be a pm vector of p estimated regression quantile coe½cients for m di¨erent quantiles based on a sample of n iid observations; and let b be its population counterpart. General linear hypotheses like H 0 : Hb h can be tested using the following Wald-type statistic:
T n Hb n À h H HW n X H X À1 H H À1 Hb n À h 11 which under the null hypothesis has a w 2 distribution with rank(H) degrees of freedom and W is a m Â m matrix with typical element:
An alternative approach can be based on rank tests, which are robust to outliers in Y and are asymptotically distribution free. Let X 1 : X A : X B and suppose we are interested in testing the linear hypothesis H 0 : b B 0 vs H a : b B 0 0 where b B is the vector of q linear regression quantile coe½cients of the q explanatory variables in X B . The following statistic proposed by Guttenbrunner, Jureckova, Koenker and Portnoy (1993) 
has an asymptotic w 2 (q) distribution under the null hypothesis, where Y r is an estimated vector of ranks of the observations, M I À X A X H A X A À1 X H A , and C is a quantity that does not depend on the distribution of the errors. The ranks vector Y r can be obtained as a by-product of the computation of the regression quantiles for the linear model under the restricted model. We used this approach to construct con®dence intervals for the quantile regression coe½cients obtained in the Non-IV models. Koenker (1994) discusses computational and theoretical advantages of this approach as well as Monte carlo results in favor of rank tests.
An alternative approach is to construct estimates of the standard errors of b n and tests of equality of quantile slope coe½cients based on the bootstrap which has been shown to perform well in practice (Buchinsky, 1995) . The reported heterogeneity test results in the paper are based on the design matrix variant of this approach. Results based on sparsity estimation were very similar. All bootstrap simulations are based on 500 repetitions.
Instrumental variables quantile regression
As in the OLS case, when some of the explanatory variables are determined simultaneously with the response variable, a bias arises in quantile regression estimators due to the dependence between the regressors and the error term. Following Powell (1983) , consider, in general terms, the following structural equation:
where Y is the response variable, Y 1 is a n x g matrix of endogenous variables determined simultaneously with Y (like education, in our case), g is the vector of associated coe½cients and X 1 is a n x k 1 matrix of exogenous (predetermined) regressors. Assuming that there is a set of k 2 instrumental variables collected in the matrix X 2 , we will use an instrumental variables quantile regression estimator that can be given a two-stage interpretation analogous to Theil's classical interpretation of the Two-Stages Least Squares estimator. In the ®rst stage we project the explanatory variables on the space spanned by the instruments which are, by assumption, uncorrelated with the error term. The second stage performs quantile regression of the response variable on the projections obtained in the previous stage. Thus, the Two-Stage Quantile Regression Estimator is de®ned as any vector x t that solves the quantile regression problem as stated in Koenker and Bassett (1978) for the model speci®ed in (13) where Y 1 is replaced by its ®rst stage OLS projection on the matrix of exogenous variables (including the instruments).
The large-sample properties of this estimator were established by Chen (1988) , and Chen and Portnoy (1996) , extending Corollary 3.1 in Powell (1983) . To the structural equation (13) there corresponds the following reduced form equations for variables Y and Y 1 :
where X X 1 ; X 2 is a n x k 1 k 2 matrix collecting all the exogenous variables and V and v are vectors of i:i:d: error terms. Under some regularity conditions, the asymptotic distribution of the twostage quantile regression estimator, based on Chen (1988) and Chen and Portnoy (1996) and Corollary 3.1 of Powell (1983) , is given by the following result (Also, see Ribeiro (1996) 
where Q plim n À1 Z H Z with Z X P 1 ; X 1 , j t v i t À I v i < 0 is the tquantile score function, F and f are the distribution and density functions of v i , the residuals from the ®rst stage projection of Y on the matrix of exogenous variables.
In practice Q is estimated by n À1 Z ÃH Z with Z Ã X P Ã 1 ; X 1 and P Ã 1 is the OLS estimate of P 1 in equation (14), V i and v i are replaced by the residuals of the least squares ®t of equations (14) and (15) respectively, with u i v i À V i g, and g is replaced by its (consistent) quantile regression estimate obtained from equation (13) in the second stage estimation. The expectation term is estimated by its sample analogue. This also requires the estimation of the sparsity function which is carried out using standard non-parametric smoothing techniques. The reported tests for heterogeneity in this context are based on the suitable variation of the X-Y version of the bootstrap.
There is some potential ambiguity in the interpretation of quantile regression estimates in the context of instrumental variables estimation. We have used methods proposed by Chen (1988) and Chen and Portnoy (1996) following the earlier work of Powell (1983) . Other recent empirical papers have followed a similar strategy including Levin (2000) and Ribeiro (2000) . Abadie, Angrist, and Imbens (2000) o¨er another approach to the application of instrumental variables quantile regression. Figure 1 presents the quantile regression estimates of the returns to education for the levels model without instrumental variables. The bt's for the 5th to 95th quantiles are plotted in increments of 0.05 and the ®gure is separated into ®ve sub-®gures according to the covariates included in the estimation. In addition to controlling for education these plots control for B) age, race, and gender, C) (``all'' but tenure) controls for age, race, gender, married, and union, D) (``all'' but union) controls for age, race, gender, married, and tenure, and E) (``All'') controls for age, race, marital status, union, and tenure.
Levels model without instrumental variables
We focus our attention on the speci®cation that includes all covariates ( Figure 1E ). The 90% con®dence bounds are also reported in the ®gures. Recall that homogeneity in returns would imply that the ®gures are¯at so that it is possible to draw a horizontal line within the con®dence interval band. A cursory examination of the ®gures suggests the presence of heterogeneity in the returns to education (the con®dence bands in each ®gure do not include b t b 0 for any b 0 ). The returns are, in general, increasing for higher quantiles of the conditional distribution of wages. However, there is a striking increase in the return from the low quantiles to the middle quantiles going from 9.2% at the 0.05 quantile to 13.1% at the median (compared to the mean return of 12% reported in column 4 of Table 1 ), after which the returns remain essentially constant. Note also that the magnitude and the pattern of the estimates of the returns to education remain remarkably similar across speci®cations (see Figure 1 ). Therefore, for this simple speci®cation, the returns do not appear to be homogenous.
We test whether the observed di¨erences are statistically signi®cant across quantiles and report the results of such tests in Table 2 , panel A. The tests con®rm the visual impression. The tests of equality of returns between the low quantiles and the middle quantiles, and between the low and high quantiles reject the hypothesis of homogeneous returns at 1±2% signi®cance levels. For example, there is a statistically signi®cant di¨erence between the returns at the 0.10 and 0.50 quantiles ( p-value 0.016). Note, however, that the di¨erences between the middle and higher quantiles are not signi®cant which is consistent with the¯attening out of Figure 1 in the right tail. These ®ndings are consistent with the existence of a complementary relationship between ability and education in the generation of earnings which varies for those in the lower tail of the conditional distribution of wages (i.e., the low ability) and contrasts with the constant but higher upper tail marginal returns.
Levels model with instrumental variables
Of course, the results above are still subject to the ability and measurement error biases described above. As a ®rst step toward addressing these problems we estimate the levels model using instrumental variables for the education variable to alleviate measurement error. We follow the previous literature and use twins a2's report of twin a1's own education (and vice versa) as an instrument. These results are reported in Figure 2 which is arranged like Figure  1 in that we report results for ®ve di¨erent sets of covariates. The same general conclusions may be again drawn from Figure 2 . Failure to address the measurement error in education in the levels model does not seem to create a signi®cant downward bias in the estimated returns to schooling. The estimated returns range from 9.5% to 14.1% over the quantiles, URES 1E and 2E. The other independent variables we control for are age, age 2 , race, gender, married, union, and tenure. P-values are based on the bootstrap and the percentile method. with a median return of 12.8%. After controlling for measurement error in the levels model, we can still see evidence of heterogeneity in returns to education with increasing returns at higher quantiles. Notice, however, that the standard error bands are somewhat wider in the instrumental variables case so that small di¨erences are unlikely to be signi®cant. We report tests of signi®cance in the levels model with instrumental variables in Table 2 , panel B. The results are largely consistent with those in the levels model without instruments, supporting the visual impression of heterogeneous returns except that the tests cannot reject the hypothesis of equality of returns between extreme quantiles due to higher standard errors of these estimates. This might suggest that instrumenting a¨ects the``true'' schooling signal in own reported education more sensibly for those at the tails of the conditional wage distribution. Overall, the ®ndings suggest that the bias that arises from measurement error in education in the levels models is not very important. In the absence of endogenous ability bias, the estimates from the previous levels models would provide relatively accurate measures of the family of returns to schooling.
Family e¨ects model without instrumental variables
We repeat the analysis of section 5.2 while attempting to control for the wellknown ability bias problem. As we stated in Section 3.2 above, the implementation of a quantile regression analogue of an OLS ®xed e¨ect or di¨erenced model is problematic. Instead, in our quantile regression equivalent of a ®xed e¨ects model we use the father's level of education and the sibling's education as proxies for the family e¨ect. We only report the results for father's education since the results are qualitatively similar but the latter are less precise. We also estimated speci®cations using the average education level of the twins as a proxy for family ability. As expected, this resulted in somewhat higher estimates of the ability bias but the precision of these and the coe½cients on education was much poorer. Essentially, we are redoing the analysis reported in Figures 1 and 2 with the father's schooling level as an additional covariate. Note that even though we follow Ashenfelter and Rouse (1998) in the parameterization of the endogeneity bias in this way, we do not parameterize the impact of the interaction between ability and education on earnings. The novelty of our approach lies precisely in the use of quantile regression techniques to explore this relationship based on the quantiles of wage residuals that we interpret as capturing unobservable ability to generate earnings. Figure 3 reports the results. Clearly, including the family e¨ects has a substantial e¨ect on the estimated returns. In general, the curves in Figure 3 are lower than the corresponding ones in Figure 1 , particularly at higher quantiles.8 The returns now range from 8.8% at the 0.05 quantile to 12.2% at the median, remaining mostly unchanged in the upper quantiles. This is consistent with our expectation that part of the return to education is absorbed by the family e¨ect thus re¯ecting a positive endogeneity bias. This is seen when we plot the coe½cient on father's education and sibling's education for the 19 quantiles in the appendix ®gure. The estimates of the endogeneity bias across di¨erent quantiles are in general increasing, though the precision of these estimates is poor. The sibling's family e¨ects models yield a slightly higher estimate of the endogeneity bias, but the precision of the estimates is much poorer. This suggests that the ®ndings of Buchinsky (1994) of higher returns to education at higher quantiles may re¯ect, in part, a di¨erential endogeneity bias in schooling choices of individuals with di¨erent abilities rather thaǹ`t rue'' di¨erences in the marginal returns to education for those in the upper tail of the conditional wage distribution.
Nevertheless, it is quite clear from Figure 3 that in each speci®cation, though the quantile curves of the estimated returns are¯atter than in Figure  1 , they are still generally increasing. These patterns remain essentially intact when using sibling's education as a proxy for family ability. Therefore, although di¨erences across quantiles are, no doubt, less signi®cant, there still appears to be some heterogeneity in the returns to education. This is con-®rmed by the tests we report in Table 3 panel A which indicate rejection of the hypothesis of homogeneous returns when comparing the low to middle and upper quantiles. Despite the apparent substantial di¨erences in the estimated returns between extreme quantiles, poor precision as re¯ected by the wider con®dence bounds leads to larger p-values.
Family e¨ects model with instrumental variables
As already indicated, by including measures of education to control for family e¨ects we aggravate the potential bias arising from measurement error in schooling levels since the cross-correlation between education levels (which is 0.75 among siblings) washes away some of the``true'' schooling signal in own-reported education levels. In this Section we report the results of our best attempt to control for both the ability and the measurement errors biases. This is the direct extension of section 5.3 except that we now use twin a2's report of father's education and of twin a1's own report to instrument for potential measurement error in twin a1's report of father's education and twin a1's reported education, respectively (and vice versa). In the case of sibling's education we also estimated models that allow for correlation in the measurement errors of twins' reports. Again we only report the results for the models using father's education since these results were very similar, except for the poorer precision of the estimates from the sibling's education models. We report the actual returns and con®dence intervals for the IV``family e¨ects'' models in Figure 4 . The returns are somewhat sporadic, increasing from 9.9% at the 5 th quantile to 12.3% at the median and then declining to 10.7% at the 90 th quantile. Note also that the con®dence bands are wider, specially at the extreme quantiles.
A comparison with the non IV estimates of the analogous family e¨ects model indicates that the IV estimates are somewhat larger (consistent with a downward bias due to measurement error) but only in the lower tail of the distribution of wage residuals. Considering the wider con®dence bounds on the IV estimates these di¨erences are likely insigni®cant. Figure 4E still suggests some mild heterogeneity in the returns to education, the estimated returns are higher in the middle quantiles and similar at the tails. The estimates are also less precise at the tails. Indeed, when we test for di¨erences across quantiles (Table 3, panel B) , only in comparisons between the 25 th quantile and the middle quantiles do we ®nd some evidence of heterogeneity in the returns ( p-values between 5±10%). The estimates of the family e¨ects based on both father's education and sibling's education are also more imprecise in the instrumental variable models (see appendix ®gure). Once again it appears that the attempts to deal with both the endogeneity bias and measurement error washes away most of the``true'' schooling signal of own reported education at the tails of the conditional wage distribution leading to less precise estimates. 5.6. Do the endogeneity and measurement error biases matter? Are returns heterogeneous?
We now brie¯y summarize what we have learned from our empirical models that attempt to document the existence of heterogeneity in the returns to schooling while dealing with the two well known sources of biases. The results are summarized in Figure 5 which decomposes the di¨erences in the estimated returns to education obtained from the``all'' covariates speci®cation across our four empirical models into the endogeneity bias and measurement error components. Remarkably, the conclusions here actually hold for the four other covariate designs we use in the paper. These results also hold for the family e¨ects models that are based on sibling's education. Does measurement error matter? Comparison of the levels model non-IV vs. IV (see Figure 5A ) and father's education model non-IV vs. IV (see Figure  5C ) both reveal that the IV estimates seem to be slightly higher than the non-IV case in the left tail, consistent with a slight downward bias due to measurement error. This e¨ect is more evident in the family e¨ects models so that, as expected, in addressing schooling endogeneity any measurement error downward bias is ampli®ed. The IV estimates actually appear to be lower than the non-IV at the high quantiles (0.8±0.9) but this probably re¯ects the e¨ect of noisier estimates at the tails. So, based on this evidence we conclude that failure to account for measurement error seems to create slight downward biases in the estimates of the returns to schooling only at the lower quantiles, which are stronger in models that control for family e¨ects in school attainment. But again, the IV estimates in family e¨ects models are less precise, particularly at the tails.
Does ability bias matter? Comparison of estimates from the levels models non-IV vs. father's educ models non-IV ( Figure 5D ) and levels models IV vs. father's educ models IV ( Figure 5B ) are revealing. First, the shapes of the quantile curves of return coe½cients are rather similar with an almost perfect overlap of the curves in the bottom quantiles ( Figures 5B and 5D align at the zero horizontal line). Beyond the 0.40th quantile, the family models' return curves are slightly above, so there is evidence of a slight upward ability bias in the right tail in models that do not account for endogeneity of schooling choices.
More important for the key question addressed in this paper is the fact that the pattern of return estimates remains essentially similar in both the levels and family e¨ects non-IV models and to a lesser extent in the IV family e¨ects models. There is a tendency for returns to increase monotonically along the bottom tail of the conditional wage distribution, returns then¯atten out but tend to remain higher in the upper tail. These ®ndings are supported by our formal tests and are inconsistent with the strictly monotonic pattern of quantile returns implied by the conventional random coe½cients model that has been a focus of the recent literature. The ®ndings suggest that di¨erential endogeneity bias does not fully account for the patterns of heterogeneous increasing returns found in the base levels models. Some of this heterogeneity does seem to re¯ect actual di¨erences in the market returns to schooling arising from a complementary relationship between education and ability which gives an advantage to those at the top of the conditional wage distribution but also enhances earnings potential for low-wage individuals.
Estimation results for other covariates
We ®nally brie¯y describe the return to the other covariates included in our empirical model. Figure 6 is a concise summary of the results from the``all'' speci®cation, which includes age, race, gender, married, union, and tenure, along with the associated 90% con®dence intervals for the family e¨ects without IV models based on the sparsity method. Inference conclusions are essentially unchanged if we use bootstrap con®dence intervals. Note the anomalous negative e¨ect of race of white on earnings which is also reported by Ashenfelter and Krueger (1994) and Ashenfelter and Rouse (1998) , but that this cannot be estimated with precision at any quantile. The e¨ect of marital status on earnings is positive but it is only signi®cant at the median. For most of the covariates, there is little heterogeneity in the returns, except for the female and union variables. Women in this sample earn about 18 percent less than men at low quantiles (0.1) but the gap widens to roughly 30 percent at higher quantiles (0.9) (also see Amidon, 1997) . The returns to being covered by a union contract are also monotonically declining. At low quantiles (0.1) the return to being unionized is roughly 0.3 and at upper quantiles the return is roughly zero (also see Chamberlain, 1994) . This last result is consistent with the recent work that explores the e¨ect of unions on the structure and the change in the distribution of wages Lemieux, 1996, DiNardo, Fortin and .
Concluding comments
In this paper we present estimates of a simple model of earnings and schooling choices in which we explore the relationship between education and ability in the generation of human capital without imposing a stringent parametric structure on this relationship. We use instrumental variables quantile regression and data on identical twins to isolate the causal link between education and earnings at di¨erent quantiles of the conditional distribution of wages, while dealing with potential biases that arise from the correlation between ability and schooling investment choices and the fact that observed education levels are imperfect measures of schooling.
The results suggest the existence of an important upward ability bias at the high quantiles in the estimates of the returns to education that do not account for the endogeneity of schooling choices. Nevertheless, the estimated returns to education accounting for the endogeneity of schooling are positive and signi®cant, consistent with the human capital model in which education enhances earnings potential. The results also suggest that the measurement error in schooling levels induces slight downward biases in the estimated returns to education in the low quantiles that are intensi®ed by attempts to deal with the ability bias.
More importantly, the results provide novel evidence of the existence of two sources of heterogeneity in the returns to education. First, there is some evidence of a di¨erential heterogeneity e¨ect by which more able individuals become more educated. The resulting endogeneity bias increases monotonically across quantiles and thus leads to apparently higher returns to education at the high quantiles in models that do not account for the endogeneity of schooling. Therefore, the earlier estimates of heterogeneous returns to schooling from quantile wage regressions that do not control for unobserved ability (e.g., Buchinsky (1994) ,) may be confounding this di¨erential endogeneity bias with any actual di¨erence in the marginal returns to education across quantiles.
Second, once this endogeneity bias is accounted for, our results provide some evidence that there is indeed no unique causal e¨ect of schooling and that for any particular individual the e¨ect may be above or below the extensively documented OLS estimate depending on his or her unobservable abilities in the generation of earnings. In particular, the evidence supports the existence of a complementary relationship between ability and education which gives an advantage to those at the top of the conditional wage distribution but also enhances earnings potential for low-wage individuals. That is, highability individuals tend to have higher returns to schooling. The results thus suggest that more able individuals may attain more schooling because of lower marginal costs and/or higher marginal bene®ts to each additional year of education. This is consistent with the existence of a negative correlation between the marginal costs and the marginal returns to schooling along the distribution of abilities. However, the strictly non-monotonic pattern of quantile return coe½cients does not conform well to a conventional random coe½cients model of earnings equations. Moreover, the evidence for heterogeneity is weakened once measurement error in education is taken into account due to noisier estimates.
Our ®ndings are at odds with the ®ndings of Ashenfelter and Rouse (1998) of lower marginal (average) returns for higher ability individuals after controlling for the endogeneity and measurement error in schooling. However, they are consistent with the ®ndings of higher returns for the more able of Conneely and Uusitalo (1998) based on estimation of conditional mean wage functions and the use of test scores to proxy ability.
Our results thus reassure us that any formal structural model of schooling investments and earnings should allow for potential heterogeneity in the returns to education (Card, 1995a ) and perhaps diverse changes over time at di¨erent points in the wage distribution (Buchinsky, 1994, Chay and Lee, 1996) . The results are also relevant to the recent work on the role of education in increasing wage inequality (e.g., Fitzenberger and Kurz, 1998 and Machado and Mata, 2000) .
There are several ways in which our work can be extended. First, a readily available extension is a careful exploration of potential di¨erential e¨ects of observable individual characteristics such as union participation and gender in the returns to education across quantiles of wage residuals. We intend to do this in subsequent work. Second, it would be interesting to explore potential non-linearities in the relationship between schooling and log-earnings by allowing the returns to education to di¨er across di¨erent education levels as in Buchinsky (1994) and Mwabu and Schultz (1996) . Third, one could try to explore the impact that the changes over time in quantile estimates of the returns to education have on the structure of wages and widening wage inequality while carefully addressing the endogeneity and measurement error biases which are likely to change over time. This last point faces data limitations and some challenging but interesting unsolved methodological problems, particularly exploring extensions of quantile regression methods to the analysis of panel data.
In a recent paper, Bound and Solon (1998) criticized the estimates of returns to education based on twins data questioning the assumption of independence between the optimal education choice and earnings disturbances. As they rightly argued, the validity of twins based estimates relies crucially on this assumption. In our ®nal approach, the resulting estimated returns are never lower than 9 percent and can be as high as 13 percent at the top of the conditional distribution of wages although these di¨erences in returns become imprecise. If schooling and the individual component of the error term in the wage equation are positively correlated, our range of estimates can be thought to provide upper bounds on the causal e¨ect of education on earnings.
Finally, the existence of the two sources of heterogeneity suggests that typical estimates of the mean return to education based on OLS provide a rather incomplete characterization of the impact of education on labor market outcomes and may be a poor guide for public policy. On the one hand, the di¨erential endogeneity bias that arises because of ability-based di¨erences in the marginal costs of education imply that there is room for policies aimed at promoting heavier schooling investment by individuals who face higher costs. On the other hand, the indication that apart from this di¨erential ability bias, the returns to schooling are higher for those at the top of the conditional wage distribution suggests a limit on the extent to which schooling can compensate for di¨erences in individual ability endowments. Even though a general educational policy will tend to increase the welfare of individuals in the society, its net impact on the long run distribution of incomes and wealth may depend on the initial distribution of abilities in the generation of earnings across the population. This may include factors such as early learning environments, schooling quality and family connections that are amenable to policy changes.
